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Abstract We study tunneling and mixing time for a non-reversible probabilistic cellular
automaton. With a suitable choice of the parameters, we first show that the stationary dis-
tribution is close in total variation to a low temperature Ising model. Then we prove that
both the mixing time and the time to exit a metastable state grow polynomially in the size
of the system, while this growth is exponential in reversible dynamics. In this model, non-
reversibility, parallel updatings and a suitable choice of boundary conditions combine to
produce an efficient dynamical stability.

Keywords Tunneling - Mixing times - Probabilistic cellular automata

1 Introduction

In this paper we consider a discrete-time stochastic dynamics for a spin system at low temper-
ature, in which high mobility of parallel updating and asymmetry of the interaction combine
to produce efficient dynamical stability and fast convergence to equilibrium.

The control of the convergence to equilibrium of irreducible Markov Chains (MC) is
particularly interesting when the invariant measure is strongly polarized, for instance in MC
describing large scale ferromagnetic systems at low temperature. Indeed in the region of

P. Dai Pra ()
Dipartimento di Matematica, University of Padova, Via Trieste 63, 35121 Padua, Italy
e-mail: daipra@math.unipd.it

B. Scoppola

Dipartimento di Matematica, University of Roma “Tor Vergata”,
Via della Ricerca Scientifica, 00133 Roma, Italy

e-mail: scoppola@mat.uniroma?2.it

E. Scoppola

Dipartimento di Matematica e Fisica, University of Roma “Roma Tre”,
Largo San Murialdo, 1, 00146 Roma, Italy

e-mail: scoppola@mat.uniroma3.it

@ Springer



2 P. Dai Pra et al.

parameters where the system exhibits coexistence of more phases, the problem of the control
of the convergence to equilibrium of the MC describing the system becomes strictly related
to the problem of metastability, since the tunneling between different phases is necessary to
reach equilibrium. This tunneling time usually is exponentially divergent in the size of the
problem so that the convergence to equilibrium in these cases is exponentially slow. See [7]
for a beautiful review on this problem.

We briefly recall the well known Ising model in 2-d in order to explain in more detail the
problem.

Let L be a positive integer, and A = (Z/ L7)?* be the two dimensional discrete torus.
Consider the standard Ising model on A without external field with spin configurations
0 = (0y)xen €S = {—1, 1}* and with Hamiltonian

H(o) = — Joyoy (1)
(x,y)
where J > 0 and the sum is on neighboring sites in A. Denote by 7 its Gibbs measure

. Ze= Ze_H(”). )

oceS

o—H @)

Zg

nG(o) =

A popular discrete-time MC, reversible w.r.t. this Gibbs measure, is given by the following
algorithm: at each time ¢ a point x € A is chosen with uniform probability; all spins oy,
y # x are left unchanged, while oy is flipped with probability

exp[—(H(c") — H(o) "],

where o is the configuration obtained by o by flipping o and, for a real number a, a™ :=
max(a, 0). Denote by P/, the probability distribution of the process at time 7 starting from o
at time 0, and by P the transition matrix (P. (1)), pes-

Different quantities can be used to control the convergence to equilibrium of MC'’s; the
most popular is the mixing time

Tinix = min {t >0; d@t) < é} (3)

where d(¢) is the maximal distance in total variation between the distribution at time ¢ and
the invariant measure

d(t) = sup PG — 7 llTy-
o

For the Glauber dynamics defined above when the interaction constant J is so large that
the Gibbs measure 7 is nearly concentrated on the configurations + 1 and —1, with all
spins +1 and all spins -1 respectively, it is possible to prove that 7;,;, diverges exponentially
in L. This result is due to the presence of a rather tight “bottleneck” in the state space. Indeed
starting for instance from —1, in order to relax to equilibrium the dynamics has to reach
a neighborhood of the opposite minimum +1, crossing the set of configurations with zero
magnetization which has a small Gibbs measure. In other words the system is trapped for a
very long time near the configuration —1, and only after many attempts to leave this trap, a +1
droplet is nucleated and grows up to reach the bottleneck, i.e., the set of configurations of zero
magnetization. This mechanism is typical in metastability and produces a large relaxation
time.

If the relaxation time is exponentially large, the MC given by the Glauber dynamics is
not an efficient way for sampling from the Gibbs measure 7 for large systems. A possible
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Fast Mixing for the 2D Ising Model 3

way to bypass this problem is the following: for each size L of the system, we construct a
MC whose invariant measure 7 is close to g, in the sense that |7 — 7G| Ty converges
to zero as L — o0, and such that its mixing time grows polynomially in L. We call
this a asymptotically polynomial approximation scheme; this notion is weaker but closely
related to that of fully polynomial randomized approximation scheme (FPRAS) introduced
in theoretical computer science (see [5]).

In this paper we present two independent results; their combination provide an asymptot-
ically polynomial approximation scheme for the 2d Ising model.

More precisely we introduce a modification of the above MC in which:

e all spins are simultaneously updated;
e the updating of the spin o, only depends on the spin values at the previous time of its
South and West nearest neighbors; this makes the dynamics non reversible.

This dynamics is a probabilistic cellular automaton (PCA) for which the invariant measure
7 pc 4 can be found without a detailed balance condition, but using the notion of weak balance
condition discussed in Ref. [6] also known in the literature as dynamical reversibility (see
for instance [1]). By using the ideas developed in Ref. [3] we can control the total variation
distance between the Gibbs measure g and wpc 4. This is the content of Theorem 2.3.

In the second theorem we study the convergence to equilibrium of this parallel dynamics.
The key step is an estimate on the tunneling time between —1 and 1. This estimate is obtained
by using some of the basic ideas developed in the context of metastability. The main point is
concerned with the separation of time scales. The general idea is the following: the energy
landscape determines a sequence S = Sp D S; D --- D Sy = {—1, 1} of nested subsets of
S is such a way that for k > 1 a time scale Ty is associated to each Sy, in the following sense:
the dynamics need a time of order T} to leave Sk, but a much smaller time to return in Sg
after having left it; moreover, Ty is much smaller than 7y . This allows to define an effective
renormalized dynamics on Sy which evolves at time-scale 7}, and which consists of the
successive returns in Sy. See for instance [2,9, 10] for more details on such a renormalisation
procedure. Iterating this strategy on larger and larger time scales fp < #; < --- < f, one
arrives to the situation in which S, is given just by the absolute minima of the energy. In this
case the corresponding renormalized process is a very elementary two states process with a
tunneling time t(—1, +1) given by an exponential random variable with mean given by the
inverse of the transition probability (—1, 4+1) of the renormalized chain on S,,.

We do not completely develop this analysis for our PCA dynamics, but we will use the
main ideas of separation of time scales and corresponding reduction of the state space in order
to control the mean tunneling time, and, with this, the mixing time of the PCA. Exploiting
the complete asymmetry of the interaction (only SW), the simultaneous updating and the
periodic boundary conditions, we observe that configurations with the same spin on a NW-
SE diagonal are stable on the time scale of order 1, just moving in the NE direction. Playing
on the difference of time scales involved in the process, we can tune the parameters of the
dynamics in order to describe the evolution between diagonal configurations in terms of a 1d
nearly symmetric Random Walk, producing a tunneling time which is polynomial in the size
of A. Cellular automata with completely oriented interaction are extensively studied since
the pioneering paper by Toom [11]. However in this paper we are mainly interested in the
study of the relations between PCA and statistical mechanics and, most of all, n the study of
the rate of relaxation to equilibrium of an irreversible PCA. The latter is, to our knowledge,
a largely unexplored subject.

In Sect. 2 we define the model in details, and state our main results. Section 3 is devoted
to the analysis of the invariant measure of the PCA, and its relations with the Ising model.
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4 P. Dai Pra et al.

Some fundamental facts on time scale separation for the PCA is presented in Sect. 4, while
Sect. 5 contains the key estimate on the tunneling time.

2 The Model and the Results
2.1 The Model

On the same space of configurations S := {—1, 1} discussed in the Introduction for the
Ising model we want to construct a Markov chain given in terms of a completely asymmetric
interaction as follows. For x = (i, j) € A = (Z/ L7)?, we introduce the following notation
for its nearest neighbors:

X=G D) X =G+ xT=G -1 x=G—-1,}) )

where sums and difference has to be meant mod. L. Given a spin configuration o
= (0x)xen € S, for typographical reasons we write o for o«, and similarly for the other
nearest neighbors of x. Consider the discrete-time Markov chain on S, whose transition
matrix is given by

e—H(U,‘[)
ZU’ES et ’

where H (o, 7) is the following asymmetric Hamiltonian, defined on pairs of configurations:

P(o, 1) = 5)

H(o, 7)== Y [Jou (! + 1)) + qoa1y]

xeA

= — Z [J-cx(axd + U;i) + qoxtx] (6)

xXeA
and J, g > 0 are given parameters. In what follows we set
Zy =y e MO, M
o’'eS

Some basic facts on this Markov chain are grouped in the next Proposition (see [6] for more
details) motivating the name Probabilistic Cellular Automata (PCA) for this dynamics.

Proposition 2.1 (1) P (o, 1) is of the following product form:
P, 1) =[] prltxlo)
xXeA
where

exp {rx [J(o;l + o)lc) + qax]}
2cosh(J (0¥ + ol) + goy)

Px(Txlo) 1=

(2) H(o, 1) # H(t,0) but the following weak symmetry condition holds

ZefH(o,r) — ZefH(r.o*).

tesS TeS
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Fast Mixing for the 2D Ising Model 5

(3) The Markov chain is irreversible with a unique stationary distribution wpc s given by

o

wpca(o) == ,
Zpca

with Zpca = ZU Zy.
Proof The statement in (1) amounts to a straightforward computation; in particular, it implies

irreducibility of the chain, which therefore has a unique stationary distribution. The statement
in (3) thus follows readily from (2), that is the only nontrivial point to show. Note that

> e HEeD =M cosh(J(of +0l) + goy))
Te§

> e HE) = 2lMT] _, cosh(J (0! + 07) + qou)). (8)
€S

Denote by A* := {{x,y} : &y € A, |x — y| = 1} the set of bonds in A. Note that
|A*| =2L2. Foro € S, we let

y(0) = {{x, y} € A" : oy # oy} ©))
be the Peierls contour associated to o. The following identities are immediately checked:

cosh(2J +¢q) if {x, x!} & y(0), {x.x'} & y(0)
cosh(J (0@ + a!) + qoy)) = { cosh(2J — q) if {x,x%} € y(0), {x,x'} € y(0)
cosh(q) otherwise.

So, if we let
nat =nai(0) = |{x € A: {x,x%} € y(0), {x.x'} € y(0)}],
using (8) we obtain

> e e = 28 [cosh(2] — @)1 [cosh(g)]” @2l [cosh (2 + )X TV @lar,
TeS
(10)

With the same argument, defining

Nur = nyr(0) = |{x € At {x,x"} € y(0), {x,x"} € y(0)}

, an

we obtain

z e~Ho) _ 5L [cosh(2J — )] [cosh(g)]" @12 [cosh(2J + q)]Lz_‘V(U)H"”’.
TeS
(12)

The conclusion now follows from the observation that, for every o € S, the identity ng; (o) =
nyr (o) holds. This can be shown, for instance, by induction on n* (), where n™ (o) denotes
the number of spins equal to +1ino. If n T (o) = 0the statement is obvious. Forn™ (o) = n >
0, let x € A be such that o, = +1, and let o* the configuration obtained from o by flipping
the spin at x. By considering all possible spin configuration in the 3 x 3 square centered at
x, one checks that ng;(6%) — ny(6%) = ngi(6) — nyr (o). Since nt(6*) = nt (o) — 1, the
proof is completed. O
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6 P. Dai Pra et al.

2.2 The Results

We are interested in the limit L — oo and in the low temperature (J large) regime defined
as follows.

Definition 2.2 The low temperature regime with parameters k and c corresponds to the
following choice

log L
J=J(L)=klogL g=¢q(L)=c

13)

We state here our two main results. The first concerns the relation between the two considered
models, controlling the distance in total variation between the Gibbs measure of the symmetric
standard Ising model and the stationary distribution of the asymmetric PCA. The numerical
constants appearing in the statements of the theorems are not optimized.

Theorem 2.3 In the low temperature regime with parameter k and c, there is a constant
C > 0 such that

1 1
lmpca — wGllTv SC(F—FW). (14)

The second result is the control of the convergence to equilibrium of the PCA proving that
the mixing time of the parallel dynamics is polynomial in L.

Theorem 2.4 In the low temperature regime with parameter k and ¢ such that ¢ > % and
k —4c > 4, we have

lim dpca(L¥) =0
L—o00
where
dpca(t) =sup||P'(0,.) —wpcaOllry
o

Theorems 2.3 and 2.4 imply that the Markov chain defined in Ref. (5) provides a asymp-
totically polynomial approximation scheme for the Ising model on the 2d torus.

Remark 2.5 There is another example, see [8], of rapid mixing of a Markov chain having as
stationary measure the Gibbs measure of the low temperature Ising model. This example is
the Swendsen-Wang dynamics. As in our case, such dynamics is fast because it allows the
possibility to update in a single step of the Markov chain a large amount of spins. However,
as far as we know, this is the first case in literature of a fast irreversible dynamics based on the
idea of the PCA. In particular it seems that the ingredient of the irreversibility combined with
parallelism is quite crucial in order to obtain the fast mixing. Indeed the dynamical stability
of the NW-SE diagonals, mentioned in the introduction (see also Sect. 4), is based exactly
on the combination of parallelism and complete asymmetry of the interaction. The interest
of these results is also due to the fact that irreversible Markov chains are a good model for
the study of stationary measure of non equilibrium statistical mechanical systems.

Remark 2.6 The results listed above are quite delicate. As mentioned in the introduction,
the periodic boundary conditions play a crucial role in the proof of our results. Moreover,
the choice of the parameters’ scaling (namely our low temperature regime, see 2.2) is also
crucial in our arguments. In particular, our estimates on the mixing time (Theorem 2.4 below)
are based of a separation of time scales which requires this choice. It would be desirable to
have estimates on the mixing time for J large but independent of L; such estimates are, for
the time being, out of reach. It would be reasonable to conjecture that also in this case the
mixing time grows polynomially in the size of the system.
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Fast Mixing for the 2D Ising Model 7

3 The Relation Between Ising Gibbs Measure and PCA Stationary Measure at Low
Temperature

We prove in this section Theorem 2.3.
We use the representation introduced in Ref. [3]. Note first of all that

d 1
ZO — Z e~ Zx[_](gx +0x)+q0x]fx
T

— oAlAl 2 ez(xw Joxoy—23" .c; J(oxol+oy0])—2q|1|
ICA

=% o) [T + 8¢ (15)

xeA
where we have used § = ¢ 24,

wl (o) = e @),

and
¢X — e*ZJ(UxU,?+O'xU;)'
We will call
fo) =10+ 800 (16)
xeA

It easily follows that

f

PCA G
7" (o) =77 (0) (7
G (f)
We have then
Impca —mGllry = m6 [ f—lH (18)
G (f)
Write now the Gibbs measure in terms of Peierls contours (see 9):
e—2J1(0)
(o) = 7o
where /(o) := |y (0)] is the total length of the Peierls contours of the configuration o.

Let 1 be the configuration with oy = 1 for all x.
Normalizing the value of f (o) with the value f (1), which is a constant ineffective in the
evaluation of (18), the expression of f (o) can be written as (see also 11)

(1 +5€4J) ]"ur(g) |: (1 —}—8) ]1(0)—2nz¢r(0)

(14387 (I + 8¢ 47) (19)

fo) = [
where we have simply observed that

2 if (x,x") e y(o), (x,x") € y(o)
oyoy +oyop =10 if (x,x") € y(0), (x,x") € y(0)
1 otherwise.

Note that with this normalization f(1) = 1 obviously holds.
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8 P. Dai Pra et al.

Let us first give an upper bound of 75 (). We can write

rolf) = 5 [ A0et) T Ly ey T
G ZG = (1_{_5674/) (1+56741)
= L I:B + 6741]"!”(0) [2672‘]]1(0)_2%”(0) .
Zg

To give estimates for this last sum, we use again Peierls contours. We say that a pair of
adjacent bonds (x, x"), (x, x”) both belonging to y (o) form a ur-elbow. Note that the only
closed paths in A* exclusively consisting of ur-elbows is necessarily union of complete
diagonals (actually of a even number of diagonals, for the contour to correspond to a spin
configuration). Any contour y = y (o) can be decomposed as y = yp U ynp, where
yp only contains complete diagonals, while yxp has no complete diagonal. Observe that
(o) —2n,,(0) =0 <= ynp(o) = 0. Now, for any fixed m > 0 we obtain an upper
bound for the contribution of all configurations ¢ such that /(o) — 2n,,(c) = m. We can
write

Ny (0) [(0)=2n,; (o)
A(m) = > [5 + e—‘”] [2e—“]

o:l(o)—2ny,(c)=m

=2 Z [6 + ei4j]nw(y) [26721]”1 R

vy |=2nur (y)=m

where the factor 2 come from the fact that there are exactly two configurations for each
contour. Observe now that e =2/ = 1/L% while

2¢ log L

54 et = o2 | klogL _ | _JogL 1 cloglL

- <1-=
L T stoy o =h

for L sufficiently large. Thus, using the decomposition y = yp U ynyp,

cloe L nur (yD) 2 m
=23 (5) ()

vy |=2nu (y)=m

2 \" clogl\ 7
() w3 (-50)

where

N =Wy :vp =0, ly| = 2n,(y) =m}|.

A very rough upper bound for N,, can be obtained as follows. We first place the m bonds not
belonging to a ur-elbow (we have at most (2L2)™ different choices); call yn p the resulting
set of bonds. We then place an arbitrary number of ur-elbows, with the constraint that the
endpoints of a connected sequence of NE elbows must coincide with two of the 2m endpoints
of Yy p. Moreover, for any endpoint x of yyp there are at most two connected sequences of
ur-elbows which connect x to exactly one endpoint of yyp. Thus, sequences of ur-elbows
can be placed in at most 42 different ways. This yields

N, < (320%)".
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Fast Mixing for the 2D Ising Model 9

To complete the upper bound for A (m), we need to estimate

Z 1_£10gL 2
2 L '

y:ynpD=Y

Since such diagonal contours are just union of complete diagonals, and each complete diag-
onal has length 2L, for L sufficiently large we have

vl
Z 1_clOgL 2 SZ L |- clogL
2 L —\! 2 L

yiYND=0
log L L* 2
¢
=11 1-— <1 —.
[+( 2 L )} =1t

Thus we have

clogL\ 2 [ 64 \"

Summing up, using also the obvious fact that Zg = >, e¢~2’!(®) > 2, we can choose C > 0
such that for L large enough:

2 64 \"
7G(f) < - ZA(m) < (1 + ) > (m)
m>0 m=>0
C C
< 1+F+m. (20)

Comparing (19) with (20), and using the fact that § ~ 1 (in particular § > 2) for large L,

one realizes that f (o) > mg(f) for all configurations different from 1. This is evident for
nyr (o) > 0; forn,, (o) = 0 we have thatif /(o) > 0,thenl(c) > L, giving f > (1+1/4)E.
By this observation

dl

and the sum contains actually only the two configurations o = +1, such that f (o) = 1.

Hence we have
S —1H — _[me(f) - 1] —2(1— ! )
76 (f) c(f) ¢ 76 (f)

1 1
<2C(L2 +L2k 2) (21)

2 e H©

vl
— — 1 =
76 (f) 7 (f) a:f(créra(f)

76 (f) = f(o)]

lmpca — wGllry = 76 [

Inserting (20) in Ref. (21), and using (18), we complete the proof of the theorem.
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10 P. Dai Pra et al.

4 PCA at Low Temperature
4.1 Realization Through Random Numbers

In what follows it will be useful to realize the Markov chain described above using uniformly
distributed random numbers. Let {U,(n) : x € A, n > 1} be a family of i.i.d. random
variables, uniformly distributed in (0, 1), defined in some probability space (£2, A, P). Given
the initial configuration o (0), define recursively o (n 4+ 1) by: o, (n + 1) = 1 if and only if
one of the following conditions holds:

(A) ol(n) = ol(m) = Land Ur(n + 1) < s frmmis

e—2J+qox(n)

B) of(m) =oy(m) = —land Us(n + 1) < 505807 g000)

ox (n)
©) o (1) = —o{(n) and Ux(n + 1) < 3555550

while oy (n + 1) = —1 otherwise.

Remark 4.1 Note that with this construction of the process it is immediate to see that the
Markov chain preserves the componentwise partial order on configuration. Coupling the
processes (o (n)),en starting at o and (o' (n)),en starting at o’ by using the same realization
of uniform variables {U,(n) : x € A, n > 1} we have that if 0 < o’ in the sense that
oy <o) forall x € A then o(n) < o'(n) for each time n > 0.

4.2 Zero-Temperature Dynamics

In the low temperature regime considered in this paper, updatings of type (A) or, symmet-

rically, those for which o?(n) = ol(n) = —1 + o,(n + 1) = —1, are typical, as they
occur with probability Mﬁ%iq =~ 1; conversely updatings of type (B), or those for which

af (n) = a)i (n) = 1+ ox(n + 1) = —1, are atypical, as they occur with probability
e 2%q d

Tooh 2T Eg) = 0. Finally, updatings of type (C), or those for which o{ (n) = —ai n)=1—

. e =+
ox(n 4+ 1) = —1, are neutral, as they occur with probability ﬁ}?@ ~ %
Let N > 0 be a given (large) time. In next section it will be useful to rule out events
of very small probability. For instance, given a time N > 0, we can “force” the system to

perform no atypical updating up to time N. To this aim, we can define

e~ 2J+q e~ 2J+q
) 1 - )
2cosh(2J — gq) 2cosh(2J —q))]
(22)

S := min [n > 1: Jx such that Uy (n) ¢ (

and conditionto the event {S > N}.Note thatunder P(-|S > N) therandom numbers {U, (n) :

x € A, 1 < n < N} are i.i.d., uniformly distributed on ( e 2/t 1 e 2t )

2cosh(2/—q)’ =~ 2cosh(27—¢q)
Thus, (o (n))flv=0 is a homogeneous Markov chain also under P(-|S > N), for which only
typical and neutral transitions are allowed. This conditioned dynamics is often called the
zero-temperature dynamics corresponding, for the inverse temperature parameter J, to the
limit J — oo.

Note also that, if A is an event depending on (o (n))flvzo, then

P(AIS > N)P(S > N) <P(A) <P(A|S > N)+P(S <N), (23)
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Fast Mixing for the 2D Ising Model 11

so that estimates for P(A) are obtained if estimates for P(A|S > N) and P(S > N) are
available.

Similarly, to control that the system performs at most one atypical updating per time up
to time N, we define the random time

T :=min{n > 1: 3x # y such that U (n), Uy(n)

e~ 2/+q e~ 2/ +q
¢ 1= ) (24)
2cosh(2J — q) 2cosh(2J — gq)

By definition 77 > S. We now establish estimates for the random times S and T inde-
pendently of the starting configurations. From now on, when we need to indicate the initial
condition o (0) = o, we write P, rather that [P for the underlying probability.

We will adopt the following notation. For a given function f : (0, +00) — (0, +00)
we let O(f(r)) to be any function for which there is a constant C > 0 satisfying % <
O(f(r)) < Cf(r) forr > C. Moreover, a, ~ b, will stand for lim, _, ; Z—" =1.

Lemma 4.2 There exist constants C; such that for each a > 0 and L sufficiently large we

have
sup P, (S > L¥*=2+y < €1~ O0UD, (25)
o
sup Py (S < L¥*279) < C, L™ (26)
o
sup P, (T < L34y < ¢3¢ (27)
o
sup Py (T = ) < CyL~ k=242, (28)
o

Proof To show (25), observe that {S > n} means that up to time n only typical updatings

have been made. Since the probability that a given updating is typical is bounded above by
1= et = — O(L™%)
2cosh2J+q) — ’

L2.[4—2+a

Po(S > L% < (1- 0L™h)) < Cre O,
for some C; > 0, which establishes (25). To prove (26), observe that

P, (S < L4k—2—a)

e~ 2/+q e~ 2/ +q
=P(Ixer n<L¥ 2 U,n)¢ 1=
- 2cosh(2J — q) 2cosh(2J — gq)

672]+q
<[P~ o(L7Y).
cosh(2J — q)

The proof of (27) is similar, the difference being that at least two atypical updatings need to
occur:

IP)(T (T S L8k747a)

e o—21+a o244
— P (3. yeA, n<L¥4 Uym), U, -
( Hyef.n x(n) >(”)¢(2cosh(21 s 2cosh(2]—q)))

_ 2
o—27+4

< L4L8k747a — O Lfa .
- cosh(2J —¢q) ( )
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12 P. Dai Pra et al.

Finally, using (25) and (27),

P, (T=S8) =P, (T=S,S>L*2) 4 p (T =8, T < L%t
< Cle_O(La) + O(L—(4k—2)+2a) — O(L—(4k—2)+2a).

5 Mixing Time and Tunneling Time

In this section we prove Theorem 2.4 by giving estimates on the distribution of the hitting
time

Ty :=min{n > 1:0(n) =1}.

Since the dynamics described in the previous construction preserves the componentwise
partial order on configurations, as noted in Remark 4.1, we have

sup Py (T3 > N) <P_1(T1 > N). (29)
oeS
Thus, an upper bound on P_j (77 > N) provides an upper bound for the mixing time. Indeed
by using the coupling defined in Remark 4.1 we can define the coupling time

Tcouple = min{n > 0: o(n) = 0‘/(}1)}.

The total variation distance between the evoluted measure at time n and the stationary one,
dpca(n), is related to the coupling time by the following

dpca(n) < ma)/( IPJ(r,rr’('rcouple > n)
0.0

moreover, again due to the monotonicity of the dynamics mentioned above, we have

ma)f PU,U’(TCuuple > I’l) < ]P)—I(Tl > n)
0,0

So Theorem 2.4 immediately follows by the following:

Theorem 5.1 In the low temperature regime given in Definition 2.2, with ¢ > % and
k—4c > 4,

lim Py (71 > L) =0.
L—+o0

The proof of this theorem is obtained in two steps and both are driven by the following
idea. We have three time scales given by three well separated order of magnitude of transition
probabilities. In the first scale the dynamics recurs in a very small subset of the state space
S| C S, this recurrence can be described in terms of a suitable 1 dimensional random walk.
On the second time scale the process jumps between different states in S; and we can define
a chain on this restricted state space Sy and estimate its transition probabilities. The third
time scale is large enough with respect to the thermalisation of the random walk and thus can
be ignored.

In the first step we show that, due to the particular considered interaction, the configurations
with the same spin in each diagonal are stable under the zero-temperature dynamics and when
the first atypical move takes place, at time S, with large probability we have S < T so that
a single discrepancy appears in a diagonal. The crucial remark is that starting with such
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Fast Mixing for the 2D Ising Model 13

a configuration, the time R needed to come back to diagonal configurations is typically
much shorter than the waiting time for the next atypical move, so that starting from —1 the
dynamics can be studied in terms of a much simpler evolution moving in the space of diagonal
configurations.

We need some notations. We denote by 6 the horizontal shift on A:

03G, j)==G+1,)).

By a common abuse of notation, we let 6 act on configurations by 6o, := og(y). For m
=0,1, L — 1, let D,, denote the m-th NW-SE diagonal:

Dy ={G.))eA:i+j=m)

(sums are, always, mod. L). Note that D,,, 1 = 0 D,,. The diagonal configurations, i.e. those
that are constant on the diagonals, are denoted by:

D:={0€S8: x,y € Dy = 0y = 0y}.

Assuming 0 (0) = o € D, it is immediately seen from the construction of the process given
in Sect. 18 that if only typical updatings occur up to time N, then o (n) = 0"c forn < N.
Thus, the evolution is trivial up to the stopping time S and actually

S=min{n: o(n) #0c(m — 1)}. (30)

Let T be the time defined in (24). In the event S < T, which happens, as proven in Lemma
4.2 with high probability, o (S) is diagonal up to a single discrepancy, i.e. there is a unique
X € A such that ox(S) is opposite to all other spins in the diagonal containing X, while
o (§) is constant on all other diagonals. Next Lemma shows that the site X at which the first
discrepancy appears is nearly uniformly distributed in A.

Lemma 5.2 The conditional probability
P(X =x|S<T)

is constant on both elements of the following partition of A:

{x:0, = cr)i}, {x:0, = —ofc}
and
e % e
B 5]1@()(:x|5<T)5F (B

The next step in our argument consists in studying the process from the time the first dis-
crepancy appears to the next hitting time of D, i.e. the time at which a diagonal configuration
obtained. As we shall see, the time needed to go back to D is, with high probability, much
shorter than the time needed for the next atypical updating to take place.

For arigorous analysis, under the condition {S < T}, we study the process {o (S+n) : n >
0}. By the strong Markov property, this is equivalent to study the process {o (n) : n > 0} with
aninitial condition o (0) = o whichis diagonal, with a single discrepancy inx € D,,. Starting
with such o, besides typical and atypical updatings, neutral updatings arise. Indeed, the sites
x"* and x” can perform neutral updatings, having the left neighbor and the down neighbor
of opposite sign. Suppose that no atypical updating occur. Then at time 1 all diagonals are
constant, except at most for the diagonal D,, . Here there are three possibilities:
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14 P. Dai Pra et al.

(i) both o and o update to —1: the discrepancy disappears, and o (1) is diagonal;
(ii) botho} and o] update to 1: the discrepancy has doubled, two neighboring sites in D, 1
are 1, while the rest of the diagonal is —1.
(iii) in both other cases, the discrepancy has just shifted (up or right) to Dy, 1.

Under the condition of no atypical updatings, this argument can be repeated: the discrepancy
is shifted from a diagonal D to 6 D, and its length can at most increase or decrease by one
unit. The configuration goes back to D as soon as the discrepancies disappear or fill the whole
diagonal. In order to keep fixed the diagonal containing the discrepancy, set

nn) == 0"o(n).

If no atypical updating occur, n remains constant except for the spins in D,,: here the number
of spins equal to 1 evolves as a random walk, that we show to be nearly symmetric. Standard
estimates on random walks allow to estimate the probability the diagonal D,, gets filled by
ones before returning to all —1’s.

To make this argument precise, define the following stopping time:

R :=min{n > 0: o(n) € D}.
Thus, R is the time the configuration has returned to D.

Lemma 5.3 Assume the initial configuration o is diagonal with a single discrepancy at x,
ie, if x € Dy, then oy = —oy forall y # x in Dy, call Dy these configurations. Assume
2k —4c —3 > 0. Then, forall 1 <r <2k — 1

Py(R > L"|S > L) < oL

Po(R > L") < O(L™"*). (32)
logl ¢ u _
4c ifo' =0
By (e (R) = 0|8 > L) ~ | 3600, Lo =0 (33)
LAct+] lf‘ax = —O0yx

Moreover, let n"Pm be the configuration obtained from 1 by flipping all spins in D,,. Then

clogL
P, (n(R) = nD”’) ~ 1 dcobL

ifo'xu:(fx
ifoy = —oy

(34)

LActl]

Before continuing our argument, we comment on the meaning of these inequalities. Since
by (26) we know that the probability that an atypical updating occurs before time L is small,
inequality (32) implies, in particular, that the configuration goes back to D in a time much
shorter that S (we are assuming k large). Inequality (33) states that the probability the initial
discrepancy at x propagates to the whole diagonal is much higher if oy, x € D,,, is equal to
the spins in Dy,1. Most importantly, Lemma 5.3 provides estimates on the transition for a
starting diagonal configuration o € D to the next diagonal configuration hit after having left
D. This suggests to study an effective process obtained by observing 7 (n) only at the times
it enters D.

Define the stopping times

Ry:=0
Si:=min{m >0: o(m) gD} =S
R, :=min{m > §, : o(m) € D} = S, + Ro Oy,
Sn+1 :=min{m > R, : 0(m) € D} = R, + S0 Op, (35)

@ Springer



Fast Mixing for the 2D Ising Model 15

where ©; is the time shift operator acting on each trajectory of the Markov Chain
{0 (0),0(1),...} as a shift

Oi{o(0),0(1),...} ={o@), 0+ 1),...}.
The following estimates follow from Lemmas 5.2 and 5.3.

Corollary 5.4 The following estimates hold for all n > 0:

P (S,,H Ry > LSk) <t (36)

P (Rn S, > Lk) = s P, (R > Lk) +SupBo (S =7) < 0 (L_k“) .37

We now consider the Markov chain (n(n)),>0 at the times R, where the chain visits D;
more precisely we define

§(n) :==n(Ry). (38%)

By the strong Markov property, (§(1)),>0 is a Markov chain in D. Estimates on its transition
probability are given in the following statement.

Corollary 5.5 Forall n € D the following estimates hold.

(@) Ifne = —ny forx € Dy, y € Dyt (we say Dy, is a favorable diagonal), then

log L
Pe+1) =n""gm =) = 0 ( > ) . (39)

Moreover, the above conditional probability is constant in m on both elements of the
partition of {0, 1, ..., L — 1}:

{m:x€Dy,y € Dy—1 = o0x =0y}, {m:x€Dy,y €Dy = 0y =—0,}.

(0) If 1 = 1y for x € Dy, y € Dyt (D is an unfavorable diagonal), then
0 (L772) =P (e +1) =P 1E00) = n) = 0 (L), (40)
(©
P51 g nn™ :m=0,..L-1m=n) =0 (L) @

Proof Estimates (39) and (40) follow from (34) and the fact (see 31) that a discrepancy is
nearly uniformly distributed in A (Lemma 5.2 ). Estimate (41) follows for the observation that
ifeEm+1) & {n,nP : m=0,..., L — 1}, then necessarily either two atypical updatings
have occurred simultaneously between times R, and S,,+ 1, or an atypical updating have have
occurred between times S,,41 and R,1; the probability of this event has been estimated in
(28) (used here with a = k — 1) and (32). ]

The process &(n) defined in (38) starts at £(0) = —1, and it can clearly identified with
a process taking values in {—1, 1}%. Thus we write £ = (“;‘i)l.l‘:_ol, where &; is the spin in
the diagonal D;. By (40), after a waiting time of order at most L**2, a one is created at
some i. At this point there are two favorable diagonals: D; and D;_y; all other diagonals
are unfavorable. Thus, in one time step, two transitions are equally likely: & goes back to

—1 or &_ flips to 1. By (39), these transitions occur with probability p > O (logzl‘). The

L
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16 P. Dai Pra et al.

probability that & changes to some other configurations is, by (40) and (41), not larger than
0] (L_k“) + 0 (L_4“_1). In the case & is back to —1 the process starts afresh. Otherwise,
there are two consecutive ones ati — 1, i. The above argument can be iterated: in the next step
two diagonals are favorable, D; and D;_», so &_» and &; flips with the same probability p.
Therefore, with overwhelming probability, the ones in & (n) are consecutive, and their number
evolves, up to events of small probability, as a symmetric p random walk. This makes simple,
for this effective process, to give estimates on the hitting time of 1.

Lemma 5.6 Define HI(S) the first time & (n) visits {1}. Then, assuming ¢ > % andk—4c > 4,
P(HS > 1) <0 (L7).
We are now ready to complete the proof of Theorem 5.1. Indeed using also Corollary 5.4,
Poy (o> 1%) < P (HE > 1992) 4 P (Rpn > L)

oL+ > B (R,, — Ry > L7k’2>

n<Lk+2

IA

IA

=o0(L™h),
which is the desired result.

5.1 Proofs of the Lemmas

We are therefore left with the proof of Lemmas 5.2, 5.3 and 5.6.

Proof of Lemma 5.2 For the proof of (31), recall that an atypical updating is made at x at
time n if U, (x) € I,(o(n — 1)), where

g—21+‘10x . d_ 1 _
(0’ 2 cosh(—2J+qoy) if Oy =0y = -1

Ix(a): 2t
ox . a1
(m, l) ifod =0, =1
We have:
1
P(X:x|T>S):mzn:P(X:x, S—n. T>n)
and

{(X=x,8S=n,T >n}
={S>n—1Nn{U:(n) € (c(n — 1)), Uy(n) & Iy(c(n — 1)) for y # x}.

so that

P(X=x,S=nT>n =P >n-1L0nx-1)]] (1 — Ly (n — 1))|)
Y#X
|1 (o (n — 1))|

—E I ey A

We note that the function fy(n) as a function on x, is constant on the sets

My = {x : oy =0fc}, M_ ={x:o, =—a)€},
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Fast Mixing for the 2D Ising Model 17

so on these sets P (X = x|T > S) is constant, say P (X = x|T > S) = Py, . Moreover
since

min |1, (0)] > e~ max |1, (0)]
o o

we have uniformly in n

_4q fx (n) 64(]

f) (n)
and so
—4q PM+ 4q
e < <e™, |My|Py, +|M_|Py, =1
Py
from which (31) easily follows. O

Proof of Lemma 5.3 We prove (32) and (33). The second inequality in (32) follows form the
first, (26) and the assumption r < 2k — 1, since

P,(R> L") <P, (R>L"|S> L%*)+P,(S < L%

Note that, under P, (]S > sz), the random numbers {U,(n) : x € A, n < L2]‘} are

—2J+q Y . .
2C§Sh(2]7q), 1—- 2c<fsh(217q))' The following probabil-

ity describe the two possible neutral updatings; atypical updatings are forbidden by the
conditioning.

i.i.d. with uniform distribution on (

r
Ox

eq
2cosh(go)

1  cojloglL log L 2
== 0 .
2t o T (( L

Thus, denoting by N (n) the number of spins equal to 1 in the restriction to D,, of n(n), we
have that

P(ne(1) = 1|S > L*) = P(nu (1) = 1|S > L*) =

pri=P(N(1) =2|S > L) = (P(nxa) =1|S > L”‘))2
1

2
col logL log L
- 0]
3 + 2 L + (( L
2
o =P(N(1) =0|S > L) = (1 P (1) = 1|S > L”‘))
1 cofloglL log L 2
0] .
o)
This argument can now be repeated, since either the discrepancy for n in D,, has disappeared,
or two neutral updatings are possible. This implies that, for n < L* andm > 0

pr =P(NnW)=m+1Nn—-1)=m, S> L*)
_=P(Nn)=m—1|Nn—1) =m, § > L%*)

So, set R := min{n : N(n) € {0, L}}. Note that R A L?* = R A L* on {T > § > L%}
Moreover, up to time RAL* N(n)evolvesasa ( P+, p—) one dimensional random walk. We
recall thatif (§(n)),>11s a (p+, p—) random walk with £(0) = 1, and denote by Hy,,, Hy, Hf,
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18 P. Dai Pra et al.

the hitting times of, respectively, {0, L}, {0} and {L}, then (see e.g. [4], XIV.2 and XIV.3,
where the case p4 + p— = 1 is treated, but the same proof applies to p4 + p— < 1)

1— i; 4clogL if ot = o,
P(HL < Hp) = T~ debeL i W (42)
1— (17;) LAcHT Oy = —0x
P+

1 - = 4L ifol =1
E(HoL) = L =1 ~ I3 ot — 1 (43)

P+ — P- 1_(&) clogL o, =-—

P+
In particular, by Markov inequality, for every r > 1

P(Hor > L) < O(L™"). (44)

From (42) and (44), the desired estimate (32) and (33) follow. Finally, (33) follows from (25)
and(33), using the assumption 2k —4c —3 > 0. O

Proof of Lemma 5.6 Let
TS :=min{n : £(n) ¢ {E—1),P"(n—1) : m=0,...,L —1}}.
By (41),
P(TE < L*2) < 1F20 (L’k“) —ow.

Similarly with what we did in previous Lemmas, we condition the Markov chain & (n) to the
event {T¢ > L¥=2}. Under this conditioning, we are left with a Markov chain for which, up
to time L*¥=2, (39) and (40) hold, but transitions of the type in (41) are forbidden. Let

S© = minfn : £(n) £ -1}

be the first time the process leaves the initial configuration, and

355) = min{n > Sfé) :&(n) = &' (n — 1) for some i such that & (n — 1) = &41(n — 1)},

where &' is the configuration obtained from & by flipping &;. By (40)

]P)(Sl(éf) > L4C+3) < (1 —-0 (L—4C—2))

4c+3
L —ow)

and

Conditioning to the event {T€ > L¥=2, §®) < 43 T _ ® o 12¢} which, for k — 4¢
large enough, has probability at least 1 — O (L’ZC) > 1 — O(L™"), the number of spin equal
tolin&(S {E) + n) evolves as a symmetric random walk, starting from 1, and moving with
probability p > O (
case py = p_ = p:

log L
L2

) (see 39). We now use identities analogous to (42) and (43) for the

1
P(H; < Hp) = T (45)
and

L—1 3
E(Hy) = < O(L").
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Fast Mixing for the 2D Ising Model 19

It follows that

P(s(HOL) =1, Hy, < S|T¢ > L2, 51 < p4et3 5O _g© o LZC) >0,

and

o(L3
P(Hy, > C) < c

Thus, introducing the stopping times, for j > 1 (note the analogy with (35) in the previous
step of the renormalization)

R(()g) =0

S = minfn > R £(n) ¢ (-1, 1}}

Rf) := min{n > Sf) E(n) € (—1,1}}
we have, by (49),

P(sRY) = 1eRY) = -1) = o7,
and
(R = RY > 1F) <P (51 > 157) 4 P(Ho, > L) = 0L,

where we have used again the fact that k — 4c is sufficiently large. Finally, for k large enough,

P(r® > 142) < v (RD = 1) + 3 P(RE - R, > 1)
j=L?

<(1- 0(L*‘))L2 +L*oLMH <ow™.
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